Studies on changes in soil saline-sodic characteristics have important reference value for reclamation planning and agricultural utilization of coastal regions. The objective of this study was to investigate the spatial distribution of the soil salt content (SSC) and sodium adsorption ratio (SAR) in two transects, which extended through different reclamation areas along a reclaimed coastal area of China. A total of 54 sampling points along Transect 1 were collected to study soil saline-sodic characteristics of a recently reclaimed farmland in 2007, and 50 sampling points were collected along Transect 2 that ran through six farmland areas reclaimed at different times (2007, 1981, 1960, 1950, 1940, and 1916). A spatial model, generalized least squares (GLS), was used to conduct multiple regression equations on SSC or SAR and explanatory variables. The results showed that landuse pattern was the most influential factor that affected spatial variation of SSC and SAR. The parametric Levene's test and Moran's I test showed that heterogeneity and autocorrelated residuals could only be found for SSC in Transect 2, so the GLS model was suitable for SSC in Transect 2. The GLS method did not perform better than the nonspatial model (ordinary least squares) by incorporating exhaustive ancillary variables but was more suitable when autocorrelation and heteroscedasticity existed in the errors of a model. Using these methods, we obtained information on the spatial variation of soil saline-sodic characteristics and its controlling factors. This information is helpful for land-use planning, soil partition management, and agronomic management practices in coastal reclamation areas.
Reclamation is an effective way to ensure food safety and relieve population pressure in coastal areas, whereas soil salinization and alkalization are the main restricting factors in the potential utilization of land resources in these regions. One of the most notable features in a coastal reclamation area is the displacement of Ca 2+ and Mg 2+ from a soil adsorption complex by Na + due to incursion by seawater (Sun et al., 2013) , which leads to high soil salinization and alkalization. Soils with high exchangeable Na + content have poor physical structure and are prone to swelling and crusting, thus resulting in low osmotic potential and serious erosion (Raats, 2015) . Because saline-sodic properties of soils determine, in part, their agronomic status, understanding and quantifying their spatial heterogeneity are essential. Currently, we have very limited knowledge about spatial variation in soil saline-sodic properties in coastal areas at the global or local scale. In addition, obtaining this information through direct measurement is labor intensive and time consuming.
Many studies have demonstrated that spatial distribution patterns of soil salinity and alkalinity are the consequences of the combined actions of human activities, land use (vegetation), climate, groundwater-level dynamics, and pedogenesis processes (Wang et al., 2007; Tho et al., 2008; Wang et al., 2009 spatial variation than in soils away from coastal zones (Borŭvka and Kozák, 2001; Fang et al., 2005; Li et al., 2008; Romic et al., 2012; Wang et al., 2014) . Some studies have found that vegetation could reduce soil salinity and alkalinity (Fernández-Buces et al., 2006) . Soil texture, which forms the basis of soil structure, has a strong relationship with soil moisture content, ventilation, and physical conditions, and thus it affects the leaching of salt. Yu et al. (2014) showed that soil depths, landforms, land uses, soil texture, and soil types were important factors affecting soil salinity in coastal zone of the Yellow River delta. Xu et al. (2014) showed that soil desalinization reached a balance after 30 yr, and aquaculture pond and cropland had positive effects on the soil desalinization in a coastal region of Rudong County, China. However, limited studies have focused on which factors significantly affect spatial variation of soil salt content (SSC) and sodium adsorption ratio (SAR) in coastal areas by quantification analyses combining soil texture and reclamation activities (reclamation time, land-use pattern, vegetation, etc.) . Many mathematical models have been used to quantify physical and chemical properties of soils at unvisited locations. Among these models, traditional statistics and geostatistics have prevailed (Yost et al., 1982; Castrignanò et al., 2000; Beguería et al., 2013) . In classical statistical methods, the ordinary least squares (OLS) method has prevailed in parametric estimation using linear regression models due to the smallest variances that it generates in all unbiased linear estimators, but it is not used appropriately in some cases (Webster, 1997) . For example, it is performed on the assumption that the explanatory variables are independent regardless of possible spatial autocorrelation (Wang et al., 2007) . The generalized least squares (GLS) model is an alternative to OLS when both spatial self-correlation and heteroscedasticity exist (Beguería and Pueyo, 2009 ).In addition, Beguería et al. (2013) suggested that mixed-effect models, which are based on the GLS algorithm, can be used under conditions where physical models are not known and target variables are correlated with environmental covariates. This makes the GLS method a very precise tool for deciding which performances, such as factor levels and covariates, are significant. Therefore, this study was conducted (i) to describe spatial distribution patterns of soil salinity and alkalinity that were subjected to soil texture and reclamation activities (like reclamation time, land-use pattern, and vegetation coverage), and (ii) to determine which factors significantly affected the estimation of soil saline-sodic characteristics using the OLS or GLS models depending on whether there was autocorrelation in the residuals of the models.
Materials and Methods

Study Site Description
The field study was conducted on salt-affected soils in Rudong County, Jiangsu Province, China (32°12¢-32°36¢ N, 120°42¢-121°22¢ E) (Fig. 1) . The study area is situated on the coast of the Yellow Sea. The evolution speed of the mudflat resource is relatively fast, and human reclamation activities are prominent in this study area. The altitude ranges from 3.5 to 4.5 m with the groundwater level at 0.6 to 1.8 m. The climate is dominantly subtropical with a moist monsoon season. The precipitation fluctuates greatly with a mean annual rainfall of 1026 mm, 68% of which occurs between May and September. The annual potential evapotranspiration is 1343.5 mm, and the mean daily temperature is 14.8°C. The soil is predominantly sullage-puddle with poor structure, which inhibits infiltration and leaching processes (She et al., 2014) . Irrigation measures have been used to accelerate the leaching process, and farming activities have been used to improve soil quality. Despite the fact that drainage techniques and farming activities have been used to reduce soil saline-sodic in this area, low permeability and soil erosion are still factors that obstruct the exploitation and agricultural utilization of coastal resources (She et al., 2014; Raats, 2015) .
Soil Sampling and Analysis
Field sampling was conducted in September 2012 in an area that extended inland from the new seawall and that consisted of different reclamation ages. A series of dikes (reclaimed in 2007, 1981, 1960, 1950, 1940, and 1916) had been constructed to impede tide incursion and seawater immersion during the reclamation processes. Samples were collected along two transects. The original point of the two transects was the same, and it was close to the new seawall (Fig. 1) . Transect 1 with a total of 54 sampling points and 15-m intervals was established in the Dongling reclamation, which was reclaimed in 2007. Transect 2 ran through a temporal sequence of reclamation projects, from the Dongling reclamation area in 2007 (the newest reclamation area) to the Dayu reclamation area in 1916 (the oldest reclamation area) (Fig. 1) . A total of 50 sampling points with 285-m intervals were in this transect. The samples in Transect 1 were used to describe the spatial patterns of soil saline-sodic characteristics for the same year (2007) , and the samples in Transect 2 were collected to describe these characteristics for different years of reclamation. There were larger differences in land-use patterns and soil development in Transect 2.
Vegetation surveys were conducted during September 2012. Vegetation coverage and land-use types varied from site to site along the two transects ( Table 1 ). The most common land-use pattern was farmland, which was distributed mainly in the older reclamation site (at sampling distance >2500 m) in Transect 2. Fallow land, including salt meadow, was the second most common land-use type, which was distributed mainly along Transect 1. A subplot 10 by 10 m was used to characterize the vegetation coverage. Three quadrants (1 by 1 m each), positioned randomly, were surveyed within each subplot yielding data from a total of six replicates for each succession stage. Vegetation coverage ranged from 0 to 90% on farmland and from 5 to 85% on fallow land (salt meadows). At each sampling site, the upper soil samples (0-20 cm) were collected using a five-point sampling method. After being air dried and mixed thoroughly, ?500 g of the soil samples was crushed to pass through a 1.0-mm sieve.
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Soil salt content is a representative indicator that is used to determine the degree of soil salinization and its influence on physical, hydrophysical, and mechanical properties of soils (Edelstein et al., 2010) . The SAR of the soil solution, in association with the exchangeable Na + percentage of the soil cation exchange complex, also influences soil structure and other soil physicochemical properties and is an indicator of soil alkalization (Suarez, 1981 
where C respectively indicates the Ca 2+ , Mg 2+ , Na + , K + , HCO 3 − , CO 3 2− , SO 4 2− , and Cl− concentrations (g/kg), which are identified by the respective subscripts. Eight soluble cations and anions (Ca 2+ , Mg 2+ , Na + , K + , HCO 3 − , CO 3 2− , SO 4 2− , and Cl − ) were measured in the laboratory after extraction with a 1:5 soil/leaching liquor. The concentrations of Na + and K + were measured by flame photometer method, and concentrations of Ca 2 + and Mg 2+ were measured by atomic absorption spectrophotometry method. The concentrations of anions (HCO 3 − , CO 3 2− , SO 4 2− , and Cl − ) were determined by titration method (Bao, 2005) . Soil particle size was analyzed using a MasterSizer2000 laser particle size analyzer (Malvern Instruments), and classification standard of clay and sand contents was according to USDA classification. = 2007, B = 1981, C = 1960, D = 1950, E = 1940, and F = 1916) . Soil samples of Transect 1 were all from the reclamation age of 2007, and soil samples of Transect 2 were from the six reclamation ages.
Data Analysis
The normal test was conducted by the Kolmogorov-Smirnov test at the 5% probability level using SPSS 22.0 (IBM Corporation, 2013) . A stepwise regression was used for SSC and SAR to select the optimal subset of the explanatory variables to avoid possible collinearity problems. Land-use patterns were simplified and grouped into two categories (farmland and fallow land) that were transformed into two "dummy" variables (0 for absence and 1 for presence) that could be used as independent variables. Independent variables that were correlated significantly (P < 0.05) to dependent variables were selected for models. A mixed-effect model with spatially correlated errors was used to describe spatial patterns of SSC and SAR. This model can be expressed as follows (Beguería et al., 2013 ):
where Z(s) represents the SSC or SAR values at spatial locations, m is a deterministic function that describes the relationships between SSC or SAR and the explanatory variables, and e¢(s) and e¢¢(s) are spatially correlated and uncorrelated error terms, respectively. The parametric Levene's test was performed using SPSS 20.0 to check the homoscedasticity in the residuals between different land uses (farmland and fallow land). Moran's I value was calculated to determine whether spatial autocorrelation existed in the residuals using the R library (Gittleman and Kot, 1990) . The Moran's I value can be calculated as ( 
If Z is significant and larger than zero, then a positive spatial autocorrelation exists; if Z is significant and less than zero, then a negative spatial autocorrelation exists. If Z is zero, then there is no spatial autocorrelation. Geostatistical methods for the residues of SSC and SAR obtained by the gstat software were also used to evaluate the spatial dependence of SSC and SAR in this study. The theory and operation of the geostatistical analysis is referenced in Deutsch and Journel (1995) . The mixed-effect model (GLS model) clay, clay content of soil; sand, sand content of soil; SSC, soil salt content; SAR, sodium adsorption ratio. ‡ n, the variable or the form of its logarithmic transformation does not follow a normal distribution; lognormal, the variable follows normal distribution after logarithmic transformation.
was used when there was spatial autocorrelation. The maximum likelihood method was applied to fit the OLS models, and the restricted maximum likelihood method was applied to fit the GLS models (Hu et al., 2015) . All the multiple regression analyses were performed using R library. For each multiple regression, only the variables that were significant at P £ 0.01 were included.
The leave-one-out cross-validation was conducted to validate the model. The SSC or SAR values of each sampling point were estimated using the model fitted by the remaining 53 (Transect 1) or 49 (Transect 2) samples. Then, a total of 54 (Transect 1) or 50 (Transect 2) pairwise measured and estimated SSC or SAR values were obtained. The mean square error (MSE) and R 2 were calculated to check the ability of the obtained multiple regression models to estimate SSC or SAR. The Akaike information criterion (AIC), Bayesian information criterion (BIC), and likelihood were also obtained by R library to evaluate the OLS and GLS models (Kuha, 2004) . The lower the AIC and BIC values and the greater the likelihood, the better the models were.
Results
Spatial Variability in Soil Salinity and Alkalinity Indices and their Controlling Factors
In Transect 1, there were wide ranges in the SSC (0.61-18.03 g/kg) and SAR [0.61-12.04 (g/kg) 0.5 ] values (Table  1) . In Transect 2, the ranges in the SSC (0.22-16.37 g/kg) and SAR [0.17-6.69 (g/kg) 0.5 ] values were relatively less than those in Transect 1. The SSC and SAR were comparatively high in Transect 1, which included lands that were reclaimed most recently. The CVs reflected a magnitude of variances (Nielsen and Bouma, 1985) . The CVs of SSC and SAR in Transect 1 were 61.4 and 35.2% (moderate variability), respectively, whereas the CVs of SSC and SAR in Transect 2 were larger, namely, 200.0 and 100.0%, respectively (strong variability, Table 1 ). The SSC and SAR were normally distributed in Transect 1. In Transect 2, SAR also showed a normal distribution after a logarithmic transformation. Descriptive statistics of the independent variables were shown in Table 1 , and the analysis of their spatial distribution was similar to SSC and SAR.
Multiple Regressions of Soil Salinity and Alkalinity Indices
Pearson's correlation coefficients between SSC or SAR and independent variables were shown in Table 2 . The SSC of Transect 1 was positively correlated to fallow land use and sand content while negatively correlated to vegetation coverage and clay content. In Transect 1, SAR was not correlated significantly to any of the independent variables. In Transect 2, SSC and SAR were both negatively and significantly correlated to fallow land use, reclamation history, and clay content while positively and significantly correlated to sand content. Although many independent variables were correlated to SSC and SAR (Table 2) , only some of the variables entered into the regression equations due to collinearity effects of explanatory variables (Table 3) . For SSC in Transect 1, no independent variables entered into the OLS models. Soil texture did not significantly affect SSC and SAR in Transect 2.
Multiple regressions for SSC and SAR by the OLS and GLS methods showed that the coefficients of the regression models were all significant (P < 0.05, Table 3 ). In terms of the OLS models for SSC in the two transects and SAR in Transect 2, the regression coefficients of the fallow land-use pattern were the largest if multiple factors existed. The parametric Levene's test showed that heteroscedasticity existed in residuals of SAR in Transect 1 and of SSC and SAR in Transect 2 between land-use types, whereas homoscedasticity existed in residuals of SSC in Transect 1 (Table  4 ). Moran's I test showed that the residuals of SSC in Transect 2 were autocorrelated, which was consistent with the results of its semivariogram (Fig. 2) . No spatial autocorrelations were found in residues of SSC and SAR in Transect 1 and in SAR of Transect 2 ( Fig. 2; Table 4 ).
The predicted values of SSC and SAR by the OLS and GLS methods compared with the measured values were shown in Fig.  3 . The predicted SAR in Transect 1 showed straight lines, indicating that there were no explanatory factors that significantly influenced SAR. For SSC in Transect 2, the GLS model could not better explain its spatial variance over the OLS model (22 and 43%, respectively), but the GLS model had a lower MSE (1.38 and 1.73, respectively), AIC value (125.90 and 223.47, respectively), and BIC value (137.13 and 233.03, respectively) and greater likelihood (−56.95 and −106.73, respectively). For SAR in Transect 2, the variance explained by the OLS model with homogeneity and the OLS model with heterogeneity were not significantly different (38 and 37%, respectively). Semivariance for the residuals of SSC or SAR in Transect 1 and SAR in Transect 2 did not change with the lag distance (Fig. 2) , which indicated that there was no autocorrelation in residuals for them in the models. In addition, this result was consistent with Moran's I test (Table 4 ). There was autocorrelation in the SSC of Transect 2 (Fig. 2, Table 4 ), which indicated that the OLS model was not suitable for quantifying its spatial distribution, and therefore, mixed-effect models (such as the GLS p. 6 of 11 model) that considered spatially correlated or uncorrelated errors simultaneously were needed. No spatial structure was observed in the experimental semivariograms of the residuals for SSC along Transect 2.
Discussion
Main Factors Contributing to the Spatial Variability of Soil Salt Content and Sodium Absorption Ratio in Coastal Reclaimed Area
In our research, the CV of SSC or SAR in Transect 1 was less than the CV of SSC or SAR in Transect 2 because the sampling distance of Transect 1(15 m) was less than the sampling distance of Transect 2 (285 m). However, this was different from the findings of McBratney (1992) . The author argued that a location that was reclaimed more recently had stronger soil heterogeneity and higher CVs than an area that was reclaimed earlier. With increasing time since reclamation, human activities resulted in the development of physical and chemical properties of soils that were more homogeneous (She et al., 2016) . These results also indicated that reclamation time could influence the heteroscedasticity of soil salinity and alkalinity. In the regression results of SSC in the two transects and of SAR in Transect 2 using the OLS models, the coefficients of the fallow land use pattern were the largest among multiple factors, indicating landuse pattern was the most influential parameter that affected SSC and SAR distribution. Farming practices by humans (large-scale and uniform crops, fertilization, and soil management) had a direct impact on spatial and temporal variability in soil properties in coastal areas. This result was similar to Xu et al. (2014) , who found that land-use types and reclamation time significantly influenced soil salinity in coastal areas. Jia et al. (2017) also reported that land-use patterns could significantly affect solute transports and water balances in soil systems. Vegetation coverage and clay content were significantly and negatively correlated Table 3 . Regression results of soil salt content (SSC) and sodium adsorption ratio (SAR) using ordinary least squares (OLS) and generalized least squares (GLS) models along two transects. to SSC in the two transects, which was consistent with previous findings that greater vegetation coverage corresponded to lower SSC (Mackinnon et al., 2001; Fernández-Buces et al.,2006) . Fernández-Buces et al. (2006) also found that vegetation coverage was negatively correlated with soil electrical conductivity of saturated paste extract and SAR. Our result was, however, inconsistent with the results of Yao et al. (2013) . The authors argued that clay and silt content were not affected by reclamation activities due to serious compaction and breakdown of the structure of salt-affected soil. Li et al. (2014a) showed that longterm cultivation and fertilization could ameliorate soil structure (increasing the proportion of silt (0.002-0.05 mm) and macroaggregates (>250 mm), thus increasing downward water percolation and promoting salt leaching from the upper soil layers. Clay and sand content did not enter into OLS and GLS models for SSC and SAR in Transect 2. This might be due to the low clay content and low water table in our research. Ben-Hur et al. (1985) also found that in soils with lower clay content (<20%), silt had no effect on the final infiltration rate. Li et al. (2014b) pointed out that soil texture was closely related to the maximum height of capillary rise or the evaporation characteristic length for a homogenous soil and thus would influence water and salt dynamics in the presence of a water table. Previous studies revealed that land-use patterns affected soluble salt fluxes and water balances in soil systems (Jobbágy and Jackson, 2004) . Our results showed that vegetation restoration could significantly reduce SSC in the two transects, which demonstrated the role of plants in reducing soil salinity and alkalinity. Zhang et al. (2018) reported that revegetation could improve topsoil physical conditions, specifically hydraulic properties and thus salt leaching. The role of plants in reducing soil salinity and alkalinity could be interpreted according to three aspects: (i) plants could reduce ground evaporation and wind speed and adjust microclimate; (ii) increasing infiltration and salt leaching from the surface soil is partly due to improved soil physical conditions formed by vegetation (Eldridge and Freudenberger, 2005) ; and (iii) plants could trigger groundwater utilization through greater rooting depth and evapotranspiration and lower groundwater levels (Jobbágy and Jackson, 2004) , and as a result, the hydraulic gradient could increase and the Darcian flows from surrounding soil are formed. In Transect 1, SAR was not correlated significantly to any of the independent variables, which indicated that other factors, such as topography, weather (rain), and groundwater level, might better explain the spatial variability of SAR in Transect 1.
Spatial variability cannot be interpreted only by these factors. Upward soil water flow and high salt accumulation on the surface of the soil profile are caused primarily by strong surface evaporation, a shallow water table, and flat terrain, which induce a slow discharge of surface runoff (She et al., 2016) . In addition, the controlling factors influencing soil properties were different between small-scale and large-scale processes. She et al. (2016) argued that a small sampling scale with high-frequency processes, such as microbial activity, soil texture, and topography, might act as the major factors influencing soil properties in coastal regions. Low-frequency processes with large sampling scales, such as farming activities, played an important role in soil properties in coastal areas (Liu et al., 2012) . Spatial variability of SSC and SAR might also be caused by a large number of water conservation measures, such as excavated slopes and banks of ditches or streams that passed through the two transects in the coastal reclamation region (She et al., 2014) , and these measures would cause lateral movement of salt in these microzones. The various influences on spatial distributions of saline-sodic characteristics in the study area made it difficult to describe their spatial-temporal heterogeneity.
Hypothetical Mechanisms of Salinization and Alkalization Patterns
Seawater intrusion and high mineralization of the groundwater, coupled with the shortage of water resources, have become the main obstacles that restrict land utilization in reclamation areas. This area is complex where reclamation activities have led to multiple land-use types and influenced the various factors that form soils. The soils that have formed have been frequently subjected to tidal invasion and seawater immersion, and these factors have caused soil salts to occur mainly as NaCl. The SSC and SAR were comparatively high in Transect 1 that was reclaimed most recently, where low vegetation coverage and strong evaporation resulted in salt accumulation on the surface of the soil. The clay content of the soil was negatively correlated to the SSC in our study, and the influences of salinity on soil clay content have also been reported (Shainberg and Letey, 1984) . In the ion exchange process that is based on Na + , lattice expansion will disperse the clay and block the soil because there are no cationic bridges that can impede expansion of the crystal layer and maintain flocculation of the clay (Oster et al., 1980) . Soils are exposed to frequent desalination and resalinization when there is leaching, and drainage reduces salts on the upper part of the soil profile, but strong evaporation and seawater intrusion have the opposite effects. With the infiltration process, salt ions move down into deep layers of salinized soil, which is actually an ionized system. This process changes the ionic composition of the exchangeable cations that are adsorbed on the surface of the minerals that exist in the clay particles (Kopittke et al., 2006) . As reclamation proceeds, Na + and Cl − are replaced by Mg 2+ and SO 4 2− because of fertilization and drainage (Laudicina et al., 2009 ). However, the Ca 2+ concentration tends to decrease (moves to deep soil layers) with long-term irrigation (Xiao et al., 2011) . The change in concentration of the water solution and the physical and chemical actions between soil and water will cause the microstructure and some physical and chemical properties of salinized soil to change. Therefore, soil structure is affected by these processes because of the redistributed soil particles and soil pore sizes. Meanwhile, the change in soil structure will also influence water and salt migration processes in the soil system.
The Ordinary Least Squares and Generalized Least Squares Models for Spatial Variability of Soil Salt Content and Sodium Absorption Ratio
Describing soil saline-sodic characteristics through direct methods is difficult due to the high variance that our limited data cannot reflect. In this research, reclamation history, land-use patterns, vegetation coverage, and soil texture were incorporated by the OLS models and GLS models to explain the variance in SSC and SAR. The contrasting patterns along the two transects were likely caused by complex land-use patterns in this study area and their dependent relationships with other environmental factors at different locations. Some models did not perform well because there might be other factors that affected the SSC and SAR distributions.
Spatial regression models have been confirmed to have many advantages over nonspatial regression models (Beguería et al., 2013) . These improvements mainly include (i) the consideration of spatial autocorrelation and heterogeneity, (ii) an increase in the pseudo R 2 and likelihood, and (iii) reductions in AIC and SE values (Wang et al., 2007) . However, the GLS model of SSC in Transect 2 had lower MSE, AIC, and BIC values and a greater likelihood, but it also had a lower R 2 (22 vs. 43%) than the OLS model (Table 5 ). The discrepancy might be because no spatial structure was observed in the experimental semivariograms of the residuals for SSC along Transect 2 (Fig. 2) , which might have been caused, in part, by the anisotropic spatial variability of SSC in Transect 2.
Conclusions
This study showed spatial distribution patterns of soil salinity and alkalinity that were subjected to soil texture and reclamation activities and determined which factors significantly affected soil saline-sodic characteristics using the OLS or GLS models. We found that land-use pattern was the most influential factor that affected spatial variation of SSC and SAR. The parametric Table 5 . Leave-out cross-validation for soil salt content (SSC) and sodium adsorption ratio (SAR) along two transects using ordinary least squares (OLS) and generalized least squares (GLS) models. Levene's test showed that there was homoscedasticity in the SSC of Transect 1, whereas there was heteroscedasticity in the residuals of other target variables (SAR of Transect 1 and SSC or SAR of Transect 2) between land-use types. Only residuals of SSC in Transect 2 were autocorrelated by using the Moran's I test. The GLS model was suitable for describing the distribution of SSC along Transect 2 because it considered the spatial autocorrelation and heterogeneity of SSC, although it did not well explain the SSC variation along Transect 2 compared with the OLS method (22-43%). Our results also suggested that inputting land-use types, reclamation history, soil texture, and vegetation coverage could help us maintain knowledge of the spatial information on soil saline-sodic characteristics. Therefore, analyzing and quantifying the spatial heterogeneity of soil salinity and alkalinity can permit a deeper understanding of the ecological relationships among human activities, vegetation, and soil, and this information is helpful for management decisions and for cost-effective construction in coastal reclamation areas.
